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Abstract 

In this paper, we introduce the framework of the theory of Truth-valued-flow Inference(TVFI) 
which was presented by the authors and has been successfully made into products by Aptronix, the 
Fuzzy Logic Technology Company. Even though there are dozens of papers presented out on fuzzy 
reasoning, we think it is still needed to explore a rather unified fuzzy reasoning theory which has 
the following two features: the one is that it is simplified enough to be executed feasibly and 
easily; and the other is that it is well structural and well consistent enough that it can be built into 
a strict mathematical theory and is consistent with the theory proposed by L.A^adeh. TVFI, 
introduced in this paper, is one of the fuzzy reasoning theories that satisfies the above two features. 
It presents inference by the form of networks, and naturally views inference as a process of truth 
values flowing among propositions. 


• 1. What is inference? 

Inference is truth values flowing among propositions. Here, the name truth value is taken by logicians and 
stands for an abstract quantity who can be calculated by means of logical operations and used to evaluate the truth of 
propositions. 

A proposition is a sentence "u is A" which can be viewed as has to be judged (may be fail). For example, " John 
is tall" or ’ John's height is tall" are propositions. Each proposition can be decomposed into two parts: A a 
concept, a subset of a universe U; u — an object or its state respects to some factor, a point of U. If u stands for an 
object, like John, Mary,..., we usually denote the discussion universe U as O which consists of objects; if u stands 
for some state of an object, like height, weight,... we usually denote the discussion universe as Xf, which is the 

states space of the factor f. 



A concept TAT I ., for example, can be represented as a fuzzy subset in an universe U. But U is not uniquely 
selected, it can be selected as O or Xf (shown in the above figure). Each concept can be represented as not only one 
but a class of membership functions; how to make a selection depends on what is the universe X or what is the 
variable x. So that , the combination of a concept A and a variable x, denoted as A(x), determines a c once ptual 
representation. When x is fixed, it is the proposition 'x is A’; when x is varying, it is called a predicate. A predicate 
corresponds to a fuzzy subset in X. 

A(x) offers us making judgment: What about the truth of it? It comes the truth value T(A(x)), the truth degree of 
proposition 'x is A'. It is equal to the membership degree |i^(x). The form of truth values can be real numbers in 
[0.1] or linguistic values such as RATHER TRUE, VERY FAIL,... for examples, which are described as fuzzy 
subsets of [0,1]. 
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A(x) also provides us a piece of information; since the concept A is usually a common sense, we are concerned 
chiefly with the variable x: where does it occur? In this sense, truth value T(A(x)) is the possibility of x under the 
constraint A. It comes the possibility theory presented by L.A.Zadch. 

"John is tall" provides the information that the height of John is in the area of tall: it occurs at x with 
possibility T(A(x))=p A (x). 

By means of the Falling shadow theory, a possibility distribution is the covering function of a random set 
While the probability distribution ot a discrete random variable is also the covering function of it, so that we can 
view possibility as a generalization of probability as that; possibility is probability if variable x is to have 
exclusiveness. 

2. Introduction of the Concept of Truth Valued Flow Inference 

First let’s see why can we see die inference processes as truth values flowing among propositions? That is how 
inference channels realize inference as logic system does. Let us consider the syllogism inference as follows: 

If x is a person, then it will die 
John is a person 
So that John will die 

P Q implication 

P fact 

Q consequence 

When we face an object, x=John. The fact is: "John is a person”, i.e., 

T(P(x))=T(Person(John))=l 

By means of the implication "If x is a person, then it will die”, denoted as P-»Q, we get 

T(Q(x))=T(end in dead(John))=l. 

Then we get the consequence: John will die. Here, we can see that an implicate likes a channel transferring truth 
value from head to tail. 

t.v. 1 

\l> =r <2) 

t.v. 1 

When the fact does not qualify the head P completely but partly support it with truth value 0.7 for example, 
then the consequence is not certainty, we don't accept Q with truth value 1 but 0.7. This is the uncertainty 
inference, it can be also viewed as the truth value of input transferred to the tail along a inference channel. 

t.v. 0.7 

^ 

t.v. 0.7 

Of course, the truth values can be a linguistic value such as RATHER TRUE, VERY TRUE,..., the inference 
channel also transfers them from its head to its tail. 
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In this case we need the theory of Truth valued qualification(Baldwen 1979): 


(y is Q)is l = Y is Q' 

|i (y) = t[u (y)] 

Q' Q 



when the variables x, y are given, an implication 

(V(x, y)) if P(x) then Q(y) 

is determined by the pair of concepts P and Q. So an inference channel, through whom truth values can flow, can be 
denoted as [P ,Q], We call that the channel [P.Q] connects with concepts P and Q; P is its head and Q is its tail. A 
channel docs not connect with propositions but concepts. The function of a channel is only transferring truth values, 
it is independent of how much truth value does its head have. 

Inference channels have different qualities on transferring truth values. We call a channel [P.Q] has a quality 
coefficient q or call [P.Q] a q-quality channel if 


Where a*= x or min or others. 


t.v.output t' = t.v.input t a* q 


When a*-x, we call channel has 1-q friction, when a*= min, we call q the transfer capacity of the channel 

1 



0.6=min( 1,0.6) 
0.6= 1X0.6 


0 . 




0.6=min(0.7,0.6) 

0.42=0.7X0.6 
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rather true 



| min 

[ fuzzy x 

3. Properties of channels 

For simple, we consider the head and tail of channels are all ordinary subsets. There are some basic properties of 
inference channels. 

PROPERTY 1. If PcQ then [p.Q] is an 1 -channel, called Natural channel 



A concept in the Cartesian product space of X(x-Universe) and Y(y-Universe) is called a relation between x and 
y. For example, O = a group of people, factor f = height, g = weight, X=Xf . Y=Xg. For any oe O. define x=f(o), 
,y=g(o), and denote the set of (x,y) as 

R= {(x,y)|o€0] 


R is height-weight relation respect to O 



O T weight 

y 


R is the promised range of the point (x,y). It means that (x,y) cannot occur outside of it. That is 

(x, y)e R= XxYnR 

Because of xeP <=> (x,y)€ PxY <=> (x,y)e PxYnR, 

and ye Q <=> (x,y)e XxQ «=> (x,y)e XxQnR 

when PxYnR c XxQnR 
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According to Property 1, we can say [P,Q] is an 1 -channel. So we get the next property 
PROPERTY 2. For a given relation R between X and Y, if 

PxYnRc XxQnR 


then [P,Q) is an 1-channel from X to Y. It is called a channel under relation R, and R is called the ground 
relation of the channel. 

Property 1 is a special case of property 2. Indeed c is a binary-relation 



Q 

Pc Q 


Note: A class of inference channels can be generated from a relation. 
PROPERTY 3. If [P.Q] and [Q.R] are two 1 -channels then [P.R] is a channel 



PROPERTY 3’. If [P.Q] is a 1-channel, Fc P and QcQ’ then [F.QT is a 1-channel. 



For simplicity, [P,Q]e C(X,Y) or C stands for [P.Q] is a 1-channel from X to Y. 
PROPERTY 4. 

[Pl,Q]eC and [P 2 ,Q]eC =>[PivP2,Q]eC 
[P.QileC and [P.Q 2 ]€C=>[P,QiaQ 2 ]€C 

PROPERTY 4*. 

[Pl.QlJ. [P2.02]eC =>[Pj vP2,QivQ2],[Pi aP2,QiaQ2]c C 

THEOREM. Let ci=[Pi,Qi], C2=[P2.Q2l define 

civc2=[PivP2,QivQ2],ciac2=[PiaP2.QiaQ2] 

Then (C(X,Y)^\,v) forms a lattice, and it is called the channel lattice. 
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PROPERTY 5. 


[P, Q]e C(X,Y) =>[Q C , P c ]eC(Y, X) 



DEFINITION Let ci=[Pi,Qi], C2=[P2.Q2J if P 12 P 2 . QlcQ2 then ci is more valuable than C 2 , denoted 
as ci=*C2* A channel c in C is called valuable channel if there isn't other channel c’ in C such that c'=>c. The subset 
of valuable channels is denoted as V. 

About the concepts of "information value" and "belief degree" of a channel, the bigger the head and the smaller 
the tail, the more information the channel, and therefore the more valuable the channel; on the other hand, it has the 
smaller belief degree. They can be represented by the following formula. 

Suppose P -» Q is a channel, FcP. Q'sQ. then we have know that P* — » Q* is also a channel. And 

belief-degree(P‘ -» Q*) £ belief-degree(P -> Q), 

inform ation-valuefP 1 — > Q') S information- value(P — > Q). 

For any xg X, define 

Q x =n{QIP-^QeC.x€P) 
and assume that for any xe X, Q x ^0, then we have 
DEFINITION. Define 

G=u{Q x x {x} IxgX} 

G is called the background graph of lattice C. 

THEOREM. Let C(X,Y) be the channel lattice generated from a ground relation R, let G be the ground graph 
of C(X,Y), then we have that G=R. 

THEOREM. Lattice C can be determined uniquely by its background graph G. That is to say that P -> Q is a 
channel in C if and only if P*cQ*- 

where P*=PxY n G, Q*=XxQ n G. (As shown in the following figure) 
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DEFINITION. Giving channel c=[P,Q], 


R(c) = PxQ u F^xY 

is called inference relation of channel c. 

THEOREM c=[P,Q] (Pg X. Qg Y) g C if and only if R(c) 2 G. 
THEOREM. c=[P,Q] (Pg X.Qg X) g C if and only if Q a P. 

THEOREM. About the relations of background graphs of channels, we have 

R(cj and C2) = R(ci)n R(c2) 

R(cj or C2) = R(cj)u R(c2) 

R([P.Ql] and [P,Q2]) = R([P,QiaQ 2]) 
R([P,Ql]or[P,Q2 ]) = R((P,Q 1 vQ 2 ]) 
R([Pl,Q] and [P2 .Q]) = R([PivP2,Q]) 
R([Pl.Q]or[P 2 .Q]) = R([PiaP2,Q1) 

These can be shown in the following figure. 
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4. Fuzzy channels Lattice 

For given Xe [0,1], an X-channel lattice L\ consists of those channels who transfers truth value at least X to the 
tail whenever the head is fulfilled with truth value 1. 

For every definition of truth values operations v* and a*, a channel [P, Q] is a X-channel if and only if the 
qualify q of it is equal or larger than X. 

A X-channel lattice satisfies axioms 1-5 as same as 1 -channel lattice. 

About the (\e [0,1]), we obviously have the following proposition: 

PROPOSITION: If X < p, then Lx 2 L^. 

Let Lx(Xe [0,1]) be a X-cut subset, then (Lx) (Xe [0,l])forms a fuzzy set on L called a fuz2y channel lattice, 
where L is the set of all channels. 

Note that 

X £ p. => Gx 2 Gp. 

X £ |i => Rx 2 Rp 

where GX, Gjj. and Rx, Rp are ground graph and ground relation of Lx , Ly. respectively. 

There is a difference between 1-channel lattice and X-channel lattice(X<l). In 1-channels, if [P,Q] and [P.Q'] are 
both 1 -channels then 

QnQV0 

otherwise, we have [P,0]=[P,QnQ'] hold. From this, we have [P.R] (for any R) hold, especially [P.Q 0 ]. Therefore, 
we have [P.Q] and [P,Q C ] are both hold in the same time , this is a contradiction in mathematics. But in X-channels 
(X<1), Qr'*Q'=0 may be hold. 

Principles of quality qualification: 

1. Lei [P.Q] is a q-channel and [P,Q]=[P, Qi or Q2 or...or Q n ], then for i=l,...,n, [P, Qi] are all q/n-channels. 

8 
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2. Let [P.Q] is a q-channel and [P,Q]= [Pj and P 2 and...and P n . Q], then for i=l n, [PiOl are all o/n- 

channels. 

Following we further discuss this problem from another view of point. 

DEFINITION: Given a background graph G on XxY, which is a fuzzy subset with membership function 
G(x,y). We can define two fuzzy subsets N and ri on P(X)xP(Y) as follows: 

N(P,Q)=l-A{A{G(x,y)lyeQ) IxeP) 

P(P.Q)=v { a (G( x,y) I ye Q I x€ P} 

P -> Q is called a X-channel if N(P,Q)>X. x->y is calUed a X-offshoot if n({x},{y))>X. 

THEOREM: For any fixed xe X, N x =N({x},.) and n x =n({x),.) are necessity measure and possibility measures 
on P(Y) respectively. That is: N X (0)=O, n x (Y)=l, and 

N x (PnQ) = min (N X (P), N X (Q)) 

N x (PuQ) > max (N X (P), N X (Q)) 

n x (PuQ) = max (n x (P), n x (Q)) 

n x (PnQ) < min (II X (P). n x (Q)) 


n x (P) = l- n x (pc) 


THEOREM: For any X(0<X51), Nx, the X-cul of N, is a channels lattice with respect to operations u and n, 
The corresponded background graph is G(i-X)+, the 1-X open cut of G, i.e. 



THEOREM: For any X(0<X<1), (P,Q)e nx if and only if for any xe P there is a point y such that 
(x,y)e (PxQ)nGx+ 

The membership degree of (x,y) with respect to G is equals to the necessity of offshoot x-»y: 

G(x,y) = n((x) — » {y}) 

5. Truth Valued Flow Neural Networks 

We call a Universe X, or corresponded variable x, is atomlizable if there are only finite possible atoms ai 
(i=l,...,n) such that any information about x is stated through them in a problem. 
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ai A aj 



Let X,Y are atomizable, X-{aj)(i-l,...,n), X=(bj}(j=l,...,m). The Cartesian product space 2£. x X can be 
represented as an nxm squares, and a ground relation (or graph) can be represented as a matrix Rnxm with elements 0 
or 1. For any head ai, the valuable channel in the 1-channel lattice Li is [aj, Bi], where the tail can be represented by 
atoms of Y: 

Bi= v (bj| rjj=l). 

i-c., [3j,Bj]= OR([a,,bj] I rjj=l) 

=[ai.bii] or [ai,b|2J or...or [ai,bi m j], where qij=l. 

According to the principle of quality qualification, [aj.bjj] are 1/mi-channels. 

For a given ground relation matrix Rnxm of an 1 -channel lattice Lj, normalizing each arrow of it, we get a 
matrix Lnxm called TVF(truth valued flow) matrix of Lj: 

... _ f r;j / Zknk if Ikrik^O 
lJ 1 1/m else 


Truth values flow among the atoms from X to Y is a TVF Networks which consists of atom-channels(head and 
tail are atoms). The weight of [aj.bj] is Ijj and the Propagation rule is: 

nj=f(v*(mjA* Ijj)) 

where mj-truth values at input; 


nj-truth values at output, 
f- threshold function. 


(v*,/\*)=(max,min) or (+, x) or other fuzzy operations. 

From the following specific example, we can know the general TVF Networks structure. 

EXAMPLE: Let X=(ai^2* a 3> a 4) sod Y={bj,b2,b3,h4,b5)i the ground graph is presented by the shadow area 
(left of the following Fig.), and ground relation R is presented by the L4x5 matrix (right of the following Fig.), 
then this TVF network has the following structure (down of the following Fig.) 
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6. Applications of TVFI 

(1) TVFI Applications in AI 

In the above section , we have gotten that for every ground graph, we can get a Tnie-Value-Flow inference 
network. In AI field, the ground graph is just the database, and the Truth-Value-Flow inference network is just the 
knowledge base. So we actually realize the transferring from database to knowledge using Truth-Value-Flow 
inference. In practice, it is also very important to get ground graph from some kinds of database. In the following we 
will introduce several kinds of database, the ways to get database, and the ways to get knowledge base from database. 

The kinds of database we often use are listed as follows: 


1) statistical sample: {(xk,yk)); 

2) relation data base: R(xk, yk, zfc,...); 

3) causality rule: f=ma; 

4) experts experiences: if... then...; 

Below we will give a specific method how to get ground graph and ground relation from statistical samples, and 
how to get TVF neural networks (knowledge base) from ground graph (database). 

For each i, get a distribution (lij} 



mij/mj 

1/m 


if m[±Q 

else 


where mjj = Ik(m ai (x k )x m bj(yk». mj=Xj mij. 


Note: When there is not point occurred in an arrow(for example, 3th arrow in the following Fig.) the relation 
or graph is not empty but full in X. and lij are uniformly distributed. 
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When our information (i.e. data base ) is not complete, we can only get a sublattice of an unknown channel lattice. 


DEFINITION. A channel lattice L’ is called a sublattice of a channel lattice L if the ground graph of L’ 
contains the ground graph of L. 

In data base, the sample of statistics or the relation form corresponded to a sublattice L' is more incomplete than 
that of channel lattice L. 


C 'S 
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For an incomplete channel lattice, we can extend data base by adding any kind of information and knowledge. 





DEFINITION. Let L nX m be the TVF matrix of channel Lattice L, then 

lj=maxjlij and i=minjlj 

are called the inductable degree of L at bj and of L respectively. If 1 £ l(or lj £ I), we call L is l-sufficient(or for 
bj).l -sufficient is called completely sufficient. 

To know which head is able to infer to bj, we are natural to inversely search along the weightiest channel 
(whose quality equals to lj), if lj is larger than the given threshold 1*, then we find out the head we want to know. 

After adding information to L, if the inductable degree is still smaller than the given threshold 1*, It means that 
the factor concerned with x is not enough to infer y. We have to move X into another factor space. 

Let F be the set of factors concerned with variable y. Let Lf be the channel lattice from xf to y. Set X=Xf, the 
inductable degree is If. The more complex the factor f, the higher the inductable degree of Lf. 

When If is enough, suppose that 

f=fiv...vfk 

where fj...^ are simple factors which concerned with variable xt,...,xfc respectively, then an atom in x is in the 
form: 

xi is an a. ..a xkisaik 


365 
































































According to the principle of quality qualification, we can arrange a neural network as follows: 



This is a TVFI neural network taken in factor spaces. It is actually the network representation of knowledge 
base. Thus we complete the transferring from database to knowledge base. 

(2) TVFI Applications in Approximate Reasoning 

Suppose we have a channel P-» Q, then we may execute many kinds of approximate reasoning along this 
channel. Following we give the execution of two kinds of most often using approximate reasoning using TVFI 
channel. 

1) The input is an element x, in this case we can do approximate reasoning as follows: 


P 



2) The input is a fuzzy set P' (i.e. concept), in this case we can do approximate reasoning as follows: 



366 


Reference 


[1] D.Dubois, H. Prade, Necessity measures and the resolution principle, IEEE Transactions on Systems, Man, 
and Cybernetics, Vol. SMC- 17, Nov. 3 (1987) 474-478 

[2] G. Shafer, A Mathematical theory of Evidence, Princeton, NJ: Princeton University, 1976 

[3] P.Z.Wang, H.M.Zhang, X.T.Peng, W.Xu, P.Z.Wang, Truth-valued-flow Inference, BUSEFAL No. 38, 
(1989)130-139 

[4] P.Z.Wang, Dynamic description of net-inference process and its stability, ZHENGJIANG CHUANPUO 
XUEYUAN XUEBAO, Vol.2, No.2,3 (1988)156-163 

[5 ] P.Z.Wang, H.M.Zhang, Truth-valued flow inference and its dynamic analysis*, BEULNG SHIFAN DAXUE 
XUEBAO, No.l(1989)l-12. 

[6] P.Z.Wang, A factor spaces approach to knowledge representation. Fuzzy Sets and Systems, 
Vol.36;(1990) 113-124 

[7] P.Z.Wang , H.H.Teh, S.K.Tan, Fuzzy inference relation theory based on the shadow-representation approach. 
Proceedings of 8th International Conference of Cybernetics & Systems, New Yorlc,(1990)30-31 

[8] P.Z.Wang, Fuzziness vs. randomness. Falling shadow theory, BUSEFAL No. 48 (1991) 

[9] P.Z.Wang, H.M.Zhang, X.W.Ma, W.Xu, Fuzzy set-operations represented by falling shadow theory, in 
Fuzzy Engineering toward Human Friendly Systems, Proceedings of the International Fuzzy Engineering 
Symposium'91, Yokohama, Japan , Vol. 1 ,(1991) 82-90 

[10] P.Z.Wang, Dazhi Zhang, The netlike inference process and stability analysis, ’International Journal of 
Intelligent Systems, Vol. 7(1992)361-372 

[11] X.H. Zhang, Francis Wong, H.C. Lui, P.Z. Wang, Theoretical Basis of Truth Value Flow Inference, the 
Proceeding of the First Singapore International Conference On Intelligent Systems 1992. 

[12] L.AZadeh, Fuzzy sets as a basis for a theory of possibility. Fuzzy Sets and Systems, 1(1978) 3-28. 


367 



AUTHOR INDEX 


Aldridge, J. 

237 

Atkins, M. 

93 

Berenji, H. 

169 

Bezdek, J. 

199 

Bonnisone, P. 

1 

Buckley, J.J. 

170 

Chappell, J. 

76 

Chen, C. 

282 

Copeland, C. 

127 

Cox, C. 

93 

Dauherity, W. 

75 

de Korvin 

54 

Desai, P. 

285 

Espy, T. 

237 

Farber, R. 

3 

Glover, C. 

93 

Hall, L. 

13 

Huang, S. 

295 

Hayashi, 1. 

257 

Hirota, K. 

249 

Hodges, W. 

113 

Hoy, S. 

109 

Imura, A. 

95 

Isaksen, G. 

273 

Jani, Y. 

48, 76, 127 

Jansen, B. 

285 

Karr, C. 

186 

Keller, J. 

227 

Khedkar, P. 

169 

Kim, C. 

273 

Kissell, R. 

93 

Krishnapuram, R. 

227 


Kreinovich, V. 

174 

Ladage, R. 

109 

Langari, R. 

348 

Lea, R. 

127 

Lerner, B. 

73 

Lin, Y. 

295 

Maor, R. 

48 

Mitra, S. 

309 

Miwa, H. 

107 

Morrelli, M. 

73 

Murakami, J. 

249 

Murphy, M. 

328 

Naito, E. 

257 

Nishino, J. 

107 

Ogmen, H. 

30 

Ozawa, J. 

257 

Pal, N. 

199 

Pap, R. 

93 

Pfluger, N. 

344 

Phelps, A. 

113 

Pin, F. 

330 

Quintana, C. 

174 

Raju, G. 

69 

Ramamoorthy, P. 

295 

Ramer, A. 

282 

Romaniuk, S. 

13 

Ruspini, E. 

343 

Saeks, R. 

93 

Shenoi, S. 

282 

Sherman, P. 

108 

Shipley, M. 

54 

Smith, R. 

183 


368 


Sousa, G. 

76 

Walker, G. 

113 

Spiegel, R. 

76 

Wang, H. 

75 

Sugeno, M. 

107 

Wang, P. 

196 

Takagi, H. 

196 

Wang, P.Z. 

354 

Takagi, T. 

95 

Warburton, F. 

108 

Tawel, R. 

346 

Watanabe, Y. 

330 

Thakoor, A. 

346 

Xu, W. 

354 

Tsao, E. 

199 

Yager, R. 

49 

Tsoukkas, A. 

174 

Yamaguchi, T. 

95 

Turner, W. 

76 

Yamauchi, K. 

249 

Urnes, J. 

109 

Yen, J. 

75, 344 

Ushida, H. 

95 

Ying, H. 

40 

Valenzuela-Rendon, M. 

184 

Zhang, H. 

354 

VanLangingham, H. 

174 

Zhang, S. 

295 

Villarreal, J. 

127 

Zhou, J. 

69 

Wakami, N. 

257 




369 



REPORT DOCUMENTATION PAGE 

Form Approved 
OMB No, 0704-0188 

Public reporting burden for this collection of information is estimated to average 1 hour per response, including the time for reviewing instructions, searching existing data sources, gathering and 
maintaining the data needed, and completing and reviewing the collection of information. Send comments regarding this burden estimate or any other aspect of this collection of information, 
including suggestions for reducing this burden, to Washington Headquarters Services, Directorate for Information Operations and Reports. 1215 Jefferson Davis Highway. Suite 1204, Arlington, VA 
22202-4302. and to the Office of Management and Budget, Paperwork Reduction Project (0704-0188), Washington, DC 20503. 

1. AGENCY USE ONLY (Leave blank) 2 REPORT DATE 3 REPORT TYPE AND DATES COVERED 

January 1993 Conference Publication 

4 TITLE AND SUBTITLE 

Proceedings of the Third International Workshop on Neural 
Networks and Fuzzy Logic 

5. FUNDING NUMBERS 

6. AUTHOR(S) 

Christopher J. Culbert, Editor 

7 PERFORMING ORGANIZATION NAME(S) AND ADDRESS(ES) 

NASA Lyndon B. Johnson Space Center 
Information Technology Division 
Houston, TX 77058 

8. PERFORMING ORGANIZATION 
REPORT NUMBER 

NASA CP-10111 
Vol . I Vol . II 

9. SPONSORING / MONITORING AGENCY NAME(S) AND ADDRESS(ES) 

National Aeronautics and Space Administration 
Washington, D.C. 20546 

10. SPONSORING /MONITORING 
AGENCY REPORT NUMBER 

S-701 

11. SUPPLEMENTARY NOTES 

1 2a. DISTRIBUTION / AVAILABILITY STATEMENT 

Unclassified/Unlimited Volume I - unlimited 

Subject category 63 Volume II - unlimited 

12b. DISTRIBUTION CODE 

1 3 ABSTRACT (Maximum 200 words) 

Documented here are papers presented at the Neural Networks and Fuzzy Logic Workshop 
sponsored by the National Aeronautics and Space Administration and cosponsored by the 
University of Houston, Clear Lake. The workshop was held June 1-3, 1992 at the Lyndon 
B. Johnson Space Center in Houston, Texas. During the three days approximately 50 
papers were presented. Technical topics addressed included adaptive system; learning 
algorithms; network architectures; vision; robotics; neurobiolog leal connections; speech 
recognition and synthesis; fuzzy set theory and application, control, and dynamics 
processing; space applications; fuzzy logic and neural network computers; approximate 
reasoning; and multiobject decision making. 

14 SUBJECT TERMS 

fuzzy logic; non-Lipschitzian dynamics, parallel distributed models; 
algorithms; neural network; spatiotemporal patterns; neuron ring; 
fuzzy controllers; signal processing; pattern recognition 

15 NUMBEROF PAGES 

393 

16 PRICE CODE 

17 SECURITY CLASSIFICATION 
OF REPORT 

Unclassified 

18 SECURITY CLASSIFICATION 
OF THIS PAGE 

Unclassified 

19 SECURITY CLASSIFICATION 
OF ABSTRACT 

Unclassified 

20 LIMITATION OF ABSTRACT 

unl imited 


M waara fO'm 298 ^ 8^) 


P'--v nbed by ANSI Std 2 39-18 

















